It is generally believed that the dominant arm exhibits greater functional advantages over the nondominant arm in every respect, including muscular strength and movement accuracy. Recent studies have proposed that this laterality is due to different underlying control strategies for each limb rather than different limb capabilities constraining performance. However, the functional role and mechanisms of these different control strategies have yet to be elucidated. Here, we report a specialized function of the nondominant arm that plays a significant role only during bimanual movements. Right-handed human participants performed bimanual reaching movements while only one arm was subjected to a force field. Consistent with our previous study, adaptation to the force field decreased gradually as the movement direction of the opposite arm deviated from the trained direction. We also observed that the decrement of the adaptation was significantly greater for the nondominant left arm. According to our previously proposed theory, this poorer generalization of the left arm originated from a difference in parameters characterizing motor memory; the nondominant arm's motor memory was more strongly influenced by the opposite arm's kinematics. Remarkably, a model incorporating this lateralized memory predicted that the nondominant arm would demonstrate greater adaptability to force fields associated with the opposite arm's movement. We confirmed this prediction experimentally and found that this advantage of the left arm disappeared in left-handed human participants. We concluded that the secondary supporting role often played by the nondominant arm in bimanual actions reflects its specialization rather than its inferiority.
Introduction
Since Broca's classical finding that language ability is accomplished by the function of the left hemisphere, it has been well recognized that functional laterality exists in the human brain. Within the motor system, lateralization manifests as a greater ability in the dominant right arm with respect to muscular force, dexterity, and accuracy of visually guided movement (Woodworth, 1899; Annett, 1985; Elliott and Roy, 1996; Armstrong and Oldham, 1999; Duff and Sainburg, 2007) . Popular belief about the absolute inferiority of the nondominant arm has led numerous societies to associate the left hand with weakness, evil, or negativity (Wilson, 1891; Beidelman, 1961; Needham, 1967 ).
However, several recent studies have focused on the lateralized function of each arm instead of emphasizing the superiority of the dominant arm. For example, Sainburg et al. (2010) ) have demonstrated that the dominant arm has a more specialized ability to control limb dynamics, whereas the nondominant arm is more specialized for the control of limb impedance. They suggested that such lateralized ability might be the foundation of a possible supporting role of the nondominant arm in bimanual actions (Guiard, 1987; Johansson et al., 2006) . In their study, however, the superiority of the left arm was shown only within the context of unimanual movements. If laterality is actually related to bimanual movement control, we speculate that the lateralized ability of each arm, if any, would be more visible during bimanual movements.
When performing bimanual actions, the movement of one limb may exert mechanical influence over the opposite limb. The ability to compensate for the mechanical influence of the opposite arm is especially required for its supporting role during bimanual action, even if the arm is stationary (e.g., opening a jar) or moving (e.g., using an ice hockey stick). We have proposed a possible mechanism in which the controller for each arm learns the influence of each of the elements of motor learning (i.e., motor primitives) that encode not only the movement of the relevant arm, but also that of the opposite arm in a multiplicative manner (Yokoi et al., 2011) . Considering that the nondominant arm more often plays a supporting role during bimanual action, we predicted that laterality would manifest as a difference in how the motor primitives encode the kinematics of the opposite arm.
Therefore, we investigated whether there was a difference between the arms in the dependence of primitives on the opposite arm's direction of movement. To this end, we examined the generalization function describing how the adaptation of one arm to a force field was generalized when the movement direction of the opposite arm was changed from the trained direction. Assuming that adaptation to a novel dynamic environment is accomplished by the flexible combination of the primitives, the generalization function reflects how the primitives encode the kinematics of the limb (Thoroughman and Shadmehr, 2000; Donchin et al., 2003; Yokoi et al., 2011) .
Materials and Methods

Participants
A total of 45 healthy right-handed subjects (31 males and 14 females) and 12 left-handed subjects (10 males and 2 females) participated in this study after providing informed written consent. All experimental procedures were approved by the ethics committee of the Graduate School of Education, The University of Tokyo. Basic information [age, sex, and Laterality Quotient (LQ)] of the participants for each experiment is summarized in Table 1 .
General task settings
The participants were instructed to make center-out reaching movements (amplitude: 10 cm, duration: 400 ms) both bimanually and unimanually while holding the handles of two robotic manipulanda (Phantom 1.5 HF; Geomagic; Fig. 1A ). The position of each handle was visualized as a white cursor (diameter, 6 mm) on a horizontal screen that was placed over the participants' arms so that they could not see their arms directly. The movements of the handles were constrained to a virtual horizontal plane by a simulated spring (1.0 kN/m) and dumper [0.1 N/(m/s)]. To reduce unwanted movement components, the participants wore a wrist brace on each hand and the trunk was strapped to the chair. To reduce fatigue and to allow the maintenance of a constant arm posture, the upper arms were supported by slings.
Task flow. Initially, the participants were instructed to move each cursor into its starting position (diameter, 0 mm; distance between the starting positions for both arms, 16 cm). After a 2 s holding time, a gray target (diameter, 10 mm) appeared for each hand peripherally (10 cm) from each starting position. In the unimanual trial, only one target appeared and the participants were instructed not to move the handle for the nontarget side. After a further random holding time (1-2 s), the "go" cue was provided as a color change of the target. A warning message was presented on the screen if the movement speed of either handle was above ("Fast") or below ("Slow") a target range (399.5-540.5 mm/s). At the end of each trial, the handle of each manipulandum automatically returned to its starting position. Wilcoxon rank-sum tests were performed on the age and LQ data, which are shown as mean (SD). A Fisher's exact test was performed on the sex data (M, male; F, female). NS, No significant difference ( p Ͼ 0.05) between the left-arm-trained and right-arm-trained groups. Note that the number of participants in Experiment 1 includes both 16 participants tested in our previous work (Yokoi et al., 2011) and a newly recruited group of 16 participants (the data from the other 9 participants, which were not used for the analysis, are excluded from this table). Figure 1 . Experimental setting. A, The participants were instructed to make center-out reaching movements while holding the handles of two robotic manipulanda. The position of each handle was visualized as a white cursor on a horizontal screen over the participants' arms. The movement of each handle was constrained to a virtual horizontal plane by a simulated spring. The participants wore a wrist brace on each hand and the upper arms were supported by slings. The trunk of each participant was strapped to a chair. B, Velocity-dependent force fields were generated by the manipulanda. The force is represented as f ϭ Bv, where f ϭ (f x , f y ) t (N) is the force to the handle, v ϭ (v x , v y ) t (m/s) is the velocity of the handle, and B [N/(m/s)] is the viscosity matrix. For CW force fields, B ϭ ͓0 Ϫ10; 10 0] and, for CCW force fields, B ϭ ͓0 10; Ϫ10 0]. C, We used the error-clamp method to quantify motor adaptation. During error-clamped trials, the trajectory of the handle was constrained to a straight line toward the target by a virtual channel in which any motion perpendicular to the target direction was constrained by a one-dimensional spring. This method enabled us to measure directly the lateral force exerted toward the channel. An aftereffect was defined as the difference between the pretraining and posttraining data measured at peak movement speed.
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Force field. In each experiment, velocity-dependent force fields were generated by manipulanda (Fig. 1B) Error clamping. To quantify motor adaptation, we used the errorclamp method (Scheidt et al., 2000; Smith et al., 2006; Sing et al., 2009) . During error-clamped trials, the trajectory of the handle was constrained to a straight line toward the target by a virtual channel (Fig. 1C) in which any motion perpendicular to the target direction was constrained by a one-dimensional spring (2.5 kN/m) and damper [25 N/(m/s)]. This method enabled us to measure directly the lateral force that was exerted against the channel. Postexperimental interviews confirmed that only 1 of the 57 participants was aware of the presence of the channel during the experiment (Experiment 1). The data from this participant were excluded from the analysis.
Experiment 1
The purpose of Experiment 1 was twofold. First, we aimed to examine laterality in the generalization of motor learning. We investigated how motor learning that was acquired while moving both arms forward was transferred when the movement direction of the opposite arm was changed. We have already investigated such transfer in a previous study (Yokoi et al., 2011) , but the movement directions of the opposite arm in which the aftereffect was examined were too sparse to obtain the complete profile of motor generalization function. Because we did not measure the degree of adaptation (i.e., force output during error-clamp trial) during the adaptation phase in our previous study (Yokoi et al., 2011) , the second purpose of this experiment was to determine whether there is lateralized ability in adaptation to a single force field, as reported by previous unimanual reaching studies (Duff and Sainburg, 2007; Schabowsky et al., 2007) . The participants (n ϭ 25) were divided into 2 groups according to the arm used for training as follows: Group 1, right arm, n ϭ 12 (9 males and 3 females) and Group 2, left arm, n ϭ 13 (8 males and 5 females). The experiment consisted of 135 trials for the baseline session, 100 trials for the training session, and 90 trials for the generalization session.
Baseline session. The participants began by performing bimanual movements under a null force-field condition. The target for the trained arm was always presented at the forward position (i.e., 0°) and that for the untrained opposite arm was presented pseudorandomly at 1 of 8 different positions (0°, 45°, . . . 315°; Fig. 2A ). Before the baseline session, the participants performed 90 trials for practice. The error-clamped trials were also randomly interleaved once in three trials to obtain the lateral force against the channel for the baseline condition.
Training session. A CW (or CCW for half of the subjects) force field was imposed on one of the arms while the opposite arm was not subjected to the force field. The participants learned to move both cursors forward toward the targets simultaneously (i.e., the targets for both arms were always presented at 0°; Fig. 2A ). To evaluate how motor learning developed with the training, error-clamped trials were randomly interleaved once in five trials to quantify the lateral force against the channel.
Generalization session. The participants continued the training while moving both arms forward. Error-clamped trials were interleaved in every other trial to quantify how the lateral force against the wall was influenced by the movement direction of the opposite arm. Therefore, in the error-clamped trials, the target for the untrained arm was presented pseudorandomly at 1 of 8 positions (0°, 45°, . . . 315°; Fig. 2A ).
To make a precise evaluation of the generalization of learning, we discarded the data from subjects who did not attain at least 80% adaptation to the imposed force field (one-sample t test on the last 10 errorclamped trials). We also excluded the data of the participant who was aware of the presence of the force channel during the error-clamp trials. As a result, nine subjects were excluded from the analysis and 16 of 25 subjects remained for further analysis (eight participants for each group). In Group 1, five participants learned the CW force field; in Group 2, four participants learned the CW force field.
Experiments 2 and 3
It has been widely accepted that adapting the identical movements to two conflicting force fields environment (e.g., CW and CCW force fields) is quite difficult (Gandolfo et al., 1996; Osu et al., 2004; Shadmehr et al., 2005) because the motor memory of each force fields overwrites the other through a phenomenon termed interference. However, recent studies have shown that this interference is dramatically reduced when each force field is associated with a different behavioral context, such as the motion of the opposite arm Howard et al., 2010; Yokoi et al., 2011) , orientation of a visual object (Ingram et al., 2010) , planned movement direction (Hirashima and Nozaki, 2012a), etc. Our previous simulation study also demonstrated that the degree of motor learning to conflicting force fields might reflect the property of how the motor memory is influenced by the presence of the opposite arm's movement (Nozaki and Scott, 2009) .
As shown in the Results section, the results of Experiment 1 demonstrated the presence of laterality in the generalization pattern of motor learning showing how the movement direction of the opposite arm influenced the motor memory. Therefore, we expected that the laterality should be also reflected as the different performance of motor learning to the conflicting force fields, each of which is associated with the unique movement direction of the opposite arm. Experiments 2 and 3 were designed to examine the possibility of lateralized motor learning ability by exposing the same forward reaches of the left/right arm to conflicting (CW or CCW) force fields that were associated with different movement directions of the opposite arm. To see the difference in the ability between right and left arms clearly, we set out to make the task reasonably difficult by using the simulation described in Equations 1-3 (see also Results): the directions of the force field were set to be switched every time the movement direction of the opposite arm was changed by 90°; for example, 0°: CW, 90°: CCW; 180°: CW, 270°: CCW; Fig. 2B ). The experiment consisted of 340 trials: 60 trials for the baseline session, followed by 280 trials for the training session. In both sessions, each of the four movement directions (0°, 90°, 180°, and 270°) for the opposite arm was performed once within each cycle in a random order. Therefore, 15 trials of each movement were performed during the baseline session and 70 trials were performed during the training session. Notably, the movement direction of the trained arm was kept constant (0°; forward movement). To evaluate the degree of motor adaptation, the errorclamped trials were randomly interleaved in 1 of 3 trials for the baseline session (i.e., 5 trials for each movement direction) and 1 of 7 trials for the training session (i.e., 10 trials for each movement direction).
Twenty participants were divided into two groups (n ϭ 10 for each group; Experiment 2). For Group 1 (7 males and 3 females), training was performed with the left arm while the subjects in Group 2 (7 males and 3 females) learned the force field with the right arm. The association between the force field direction and the movement direction during the training session was reversed for half of the subjects in each group; that is: 0°: CCW, 90°: CW; 180°: CCW, 270°: CW.
The same task that was described in Experiment 2 was performed by left-handed participants (n ϭ 12; Experiment 3). Half of the participants (5 males and 1 female) were assigned to the left-arm-learning group. The rest (5 males and 1 female) were assigned to the right-arm-learning group.
Data analysis
All of the data shown are baseline-subtracted values. The motion data for each manipulandum were recorded at a sampling rate of 500 Hz. The data for the handle velocity and force were low-pass filtered with a fourth-order Butterworth filter with a cutoff frequency of 8 Hz. For the index of adaptation, we calculated the learned viscosity coefficient, which was the lateral force, f, during the error-clamped trial that was measured at the time t pv of peak movement velocity, v, divided by the velocity as follows:
The deviation of this value from that measured in the baseline sessions was defined as an aftereffect. The performance of the trials in which the error-clamp method was not adopted (e.g., trials in the training session) was evaluated by the lateral deviation of each handle trajectory from a straight line between the starting position and the target that was measured at the peak movement velocity. The data were then averaged across the participants for each experiment. The sign of the aftereffect from those who adapted to the CCW force field was flipped before averaging.
Statistics
We applied either a Wilcoxon rank-sum test or a Fisher's exact test on the basic data (age, LQ, and sex) of the subjects whose data were used for the subsequent analysis. For Experiment 1, a two-way mixed-model ANOVA with group (Group 1 and Group 2) as a between-subject factor and epoch (baseline, early, middle, and late) as a within-subject factor was performed on the aftereffect data. An epoch was defined as the average values of the first to fifth (baseline), the sixth and seventh (early), the ninth and 10 th (mid), and the 21 st to 25 th (late) data of the errorclamped trials. For Experiments 2 and 3, two-sample t tests were performed on the aftereffect data that were averaged across the last five error-clamped trials. Effect size (Choen's d) was also calculated. For the two-sample t tests, if the variances of two groups were significantly different (by F test), a Greenhouse-Geisser correction was applied to adjust for the appropriate degrees of freedom. Two-way mixed-model ANOVAs with group as a between-subject factor and movement direction of the opposite arm as a within-subject factor were also performed on the aftereffect data. As the movements were performed with different arms between the groups, movement direction was defined in the intrinsic coordinate (e.g., rightward movement of the right arm and leftward movement of the left arm were compared). All statistical tests were performed using MATLAB (The MathWorks). Mixed-model ANOVAs were performed by treating subjects as a random effect and nesting them into groups using the anovan function of the statistics toolbox. The type III sum of squares was used for the ANOVA. For Fisher's exact test, we used the fexact function (http://www.mathworks.com/matlabcentral/ fileexchange/22550-fisher-s-exact-test). The significance level was set at p Ͻ 0.05.
Parameter estimation and simulation
It has been demonstrated that the generalization of motor learning with respect to the changes in the movement pattern provides information about how the neural elements of motor learning (i.e., motor primitives) encodes the movement pattern (Krakauer et al., 2000; Thoroughman and Shadmehr, 2000; Donchin et al., 2003; Tanaka et al., 2009 ). The concept of motor primitives also enables us to make generative predictions about learning behavior, such as the trial-by-trial changes in the movement error for reaching movements to multiple targets (Thoroughman and Shadmehr, 2000; Donchin et al., 2003) , the speed of adaptation to the velocity/position-dependent force fields (Sing et al., 2009) , and adaptation to the force fields that depends nonlinearly on the movement direction of both arms (Yokoi et al., 2011) . To determine how motor primitives encode the movement directions of the opposite arm with respect to laterality and how laterality influenced the motor learning performance, we estimated the parameters of motor primitives from the generalization function based on several assumptions detailed in the following section.
State-space model. The force output of the internal model, f, at the i-th trial was assumed to be represented by a linear combination of the activity of primitives (Donchin et al., 2003; Gonzalez Castro et al., 2011; Yokoi et al., 2011) as follows:
where is the movement direction of the "opposite" arm and g͑͒ ϭ ͓ g 1 ͑͒, g 2 ͑͒, …, g N ͔͑͒ t and w ϭ ͓w 1 , w 2 , …, w N ͔ t are column vectors with elements that represent the output and weight, respectively, of each primitive. Here, g() should be a function of the movement directions, not only of the opposite arm, but also of the trained arm. However, we considered only the dependence on the opposite arm because the movement direction of the trained arm was fixed in our experiment.
We assumed that the weighting parameter, w, was updated with the trials according to the movement error, e. This process can be represented as the state-space model as follows:
where f is the imposed force field, d is the compliance of the trained arm, and ␣ and K are constants representing the spontaneous loss of memory and the learning rate, respectively. Estimation of the parameters for the motor primitive. After sufficient training with the movement direction, , of the opposite arm, the force output should reach a plateau level. The generalization function, ⌽͑⌬͒, is defined as the relative value of the force output when the movement direction of the opposite arm is changed by ⌬. We have previously demonstrated that the generalization function can be represented (Yokoi et al., 2011) as follows:
Furthermore, we assumed that each component of g() is represented by a Gaussian-like function (Donchin et al., 2003; Gonzalez Castro et al., 2011; Ingram et al., 2011; Yokoi et al., 2011; Brayanov et al., 2012) as follows:
where a, b, , and j are the amplitude, offset, tuning width, and the preferred direction (PD), respectively, of the primitives (without loss of generality, we set b ϭ 1 Ϫ a). When the PDs are assumed to be distributed uniformly, the generalization function can be simply represented as follows:
where
B ϭ
We fit the generalization data with Equation 6 and then obtained a, b, and with Equations 7 and 8 (Fig. 3) . To increase the estimation accuracy, we pooled the data from the current experiment (Experiment 1) and the data from our previously published study (Yokoi et al., 2011 ; the data in Experiments 1 and 2 were reanalyzed to the same form as that used in the present study).
Calculation of parameter distributions. We estimated the distributions of the parameter sets (a and ) by bootstrapping (5000 resamplings). First, Equation 6 was fitted to the pooled data (here, this fitted function is referred to as the estimated model) and the residual vector, the length of which was determined to be 128 [72 ϫ (the number of data points obtained in the current experiment) ϩ 56 ϫ (the number of data points obtained in our previous experiment); Yokoi et al., 2011] . Next, 5000 bootstrap residual vectors (length of each vector: 128) were generated by randomly resampling from the original residual vector. Then, 5000 bootstrap datasets were generated by adding the bootstrap residual vectors to the estimated model. By fitting Equation 6 with the 5000 bootstrap datasets, we obtained 5000 bootstrap parameters with Equations 7 and 8. Finally, the density distributions of the parameters were estimated by a two-dimensional kernel density estimation with a MATLAB kde2d function (Botev et al., 2010) . The probability of overlap between two parameter distributions (i.e., the optimal Bayes error rate; Duda et al., 2001 ) was calculated based on this estimated density distribution as follows:
where p L (i, j) and p R (i, j) are the estimated density functions of the parameter distributions for the left and the right arms, respectively, and ⌬a and ⌬ are the estimated band widths for the kernel density estimation.
We also calculated the distribution of the differences in the parameter vectors across the arms with the above bootstrap parameter vectors and estimated the 95% confidence region of this distribution. The 95% confidence region was estimated by searching the contour line of the kernel density estimate of the above distribution function, which can exclude exactly 5% of the data points (i.e., 250 data points; Hall, 1987) .
Simulation of motor learning. To quantify the effect of the difference in the parameters for both arms on the adaptation to the force field that was caused by the opposite arm's motion, we simulated Experiment 2 with the state-space model (Equations 1-3) with the 5000 sets of bootstrapped parameters. For the other parameters (␣, d, and K in Equation 3), we used the same values for both arms because we did not observe a significant difference in the initial error between the groups (two-sample t test, p Ͼ 0.05) or the amount of learning (two-way ANOVA, see Statistical Analysis section) in Experiment 1. The parameter values are summarized in Table 2 .
To mimic Experiment 2, in which 10 participants participated, we first randomly sampled 10 parameter sets from the bootstrapped estimates of the tuning parameters and then simulated Experiment 2. The simulated learning curves were then averaged across these 10 parameter sets. This process was iterated 1000 times to obtain 95% confidence intervals of the simulated learning curves.
Results
Experiment 1
Previous studies have reported that the dominant arm exhibits a greater ability to adapt to novel dynamics during unimanual reach (Duff and Sainburg, 2007; Schabowsky et al., 2007) . However, for the training session in the present study, the trialdependent changes in the aftereffects (i.e., learning curves) were almost indistinguishable between the groups trained with right and left arms (two-way mixed-model ANOVA, no significant main effect of group; F (1,14) ϭ 1.5, p ϭ 0.240; Fig. 4A ). Therefore, we observed no substantial difference between the dominant and nondominant arms in the ability to adapt limb movements to novel dynamics during bimanual reach.
In contrast, we found significant laterality in the generalization of motor learning. The generalization of motor learning was evaluated by changing the movement direction of the untrained arm (eight different target directions; Fig.  2A ). As was observed in our previous study (Yokoi et al., 2011) , the aftereffect for the trained arm decayed as the movement direction of the opposite untrained arm deviated from the original trained direction (Fig. 4 B, C) . Notably, the shape of the generalization function, ⌽͑⌬͒, had different amplitudes between both arms; the amplitude [i.e., ͕⌽͑0Њ͒ Ϫ ⌽͑180Њ͖͒ ϫ 100] was significantly greater for the left arm (43.7 Ϯ 15.9%) than for the right arm (28.6 Ϯ 8.7%) (t (14) ϭ 2.35, p ϭ 0.03). These results suggested that the motor learning of the nondominant left arm during bimanual movement was more poorly generalized with the change in the dominant right arm's movement direction from the original training direction and, in contrast, the motor learning of the dominant right arm was less affected by the change in the nondominant left arm's movement direction from the original training direction. The lateralized generalization patterns indicated that how the neural elements for motor learning (i.e., motor primitives) encoded opposite arm motion differed between the right and left arms. Based on our previous study, we estimated the function of the primitives, g(), from the generalization function, ⌽͑⌬͒, with the theoretical relationship (see Materials and Methods). We began by fitting the data of the generalization pattern with the function ⌽͑⌬͒ (Equation 6). Then, a and b were obtained from A, B, and with the theoretical relationship between ⌽͑⌬͒ and g j () (Equations 7 and 8). In addition, we obtained the distribution of the parameters with bootstrapping.
The distributions of the estimated parameters for each arm were clearly dissociated (Fig. 5) . The values of a and s were 0.73 Ϯ 0.03 and 37.2 Ϯ 12.1°, respectively, for the left arm and 0.64 Ϯ 0.03 and 45.0 Ϯ 14.0°, respectively, for the right arm (mean Ϯ SD of the bootstrapping samples). To test the statistical significance of the difference in the two parameter distributions, we calculated the probability of overlap between the two parameter distributions (optimal Bayes error rate) based on the estimated two-dimensional density function (see Materials and Methods), and the value was smaller than 0.05 ( p ϭ 0.037). The optimal Bayes error rate is known to give the lower bound for the sum of the Type I and Type II error rates (i.e., ␣ ϩ ␤) for any hypothesis testing method (Lehmann and Romano, 2005) . This means that the two distributions can be theoretically discriminated with up to 95% accuracy. In addition, we calculated the distribution of the difference in the parameter vectors between the right and left arms from the above bootstrapped distributions. If the parameter vectors are generated from the same distribution, then the 95% confidence region of the above distribution should contain (0,0). In fact, (0,0) was outside of the 95% confidence region.
We also need to consider other possible factors for estimating the lateralized features of the primitives. The first possible factor is the influence of the movement accuracy of the opposite arm. As has been reported in several previous studies, the dominant hand shows better movement accuracy than the nondominant hand (Carson et al., 1993; Elliott and Roy, 1996; Mieschke et al., 2001 ). However, it should be noted that several previous studies have reported movement is more accurate when visual information is unavailable (for review, see Goble and Brown, 2008) . Such inaccuracy of the nondominant arm during bimanual reaching might influence the expression of the motor memory that is acquired with the dominant arm in subsequent error-clamped trials in Experiment 1. To test this possibility, we assessed the endpoint accuracy of the opposite arm's movement during error-clamped trials and compared them between the two groups (i.e., training arm was right or left). Two-way mixed-model ANOVAs with the within-subject factor of target direction (8 directions, defined by intrinsic coordinates) and the between-subject factor of arm (left or right, i.e., groups) on the endpoint bias (norm of the bias from target position) and variance (trace of covariance matrix) data revealed a significant main effect for target direction (F (7,98) Ͼ 2.3, p Ͻ 0.03). However, we did not observe a significant main effect for the arm (F (1,14) Ͻ 0.75, p Ͼ 0.40) or the interaction between the target direction and the arm (F (7,98) Ͻ 1.14, p Ͼ 0.34).
Another possible factor was a difference in attention load. Reaching with the nondominant arm to different directions may be more demanding than reaching with the dominant arm, which might contribute to the different motor generalization function A B C Figure 4 . Results of Experiment 1. A, Trial-by-trial profile of aftereffects (lateral force at peak movement speed divided by the speed) that were measured in randomly introduced error-clamped trials for baseline and training sessions averaged across subjects (mean Ϯ SE). Purple indicates data for the Group 1 subjects (learning with the left arm); gold, data for the Group 2 subjects (learning with the right arm). The data within the shaded area were averaged and used for the subsequent statistical analysis. Note that only the baseline session data when both arms were reaching forward are displayed. B, C, Generalization patterns for all subjects in both groups (B: Group 1, C: Group 2) plotted with our previous data (Experiments 1 and 2 in our previously published study; Yokoi et al., 2011) . The vertical axis and the color code are the same as in A. These data were fitted with Gaussian functions (solid lines). shown in Figure 4 , B and C. However, this possibility was unlikely because greater attention load would deteriorate motor learning. Therefore, we would expect to see the opposite of the results observed in Experiment 1 (Fig. 4C ): the right arm should have exhibited greater decay than the left arm did because of the greater attention load associated with the motion of the left arm. Therefore, we concluded that the shapes of the primitives' tuning functions were significantly different between the left and the right arms: the primitives for the left arm were more sharply tuned with the opposite arm's movement direction.
Experiment 2
In the situation that one arm needs to adapt to specific dynamics regardless of what the opposite arm is doing, the broader encoding (and broader generalization pattern) of the opposite arm's motion would be beneficial. However, the broader generalization pattern in turn allows higher interference of motor memories from nearby motion of the opposite arm. Therefore, the same broader encoding pattern turns into a disadvantage when the motor command to the arm needs to be adjusted to various mechanical influences that are strongly associated with the opposite arm's motion. The sharper encoding of the opposite arm's motion therefore could provide the nondominant arm with a beneficial ability to adapt more flexibly to mechanical influences that are caused by the opposite arm's motion during bimanual action. Experiment 2 was designed to test this ability of the nondominant arm so that the one arm was exposed to conflicting force fields, each of which was associated with four different movement directions of the opposite arm (see Materials and Methods; Fig. 2B ).
Before performing the experiment, we investigated how the amount of learning depended on the parameters a (tuning amplitude) and s of the primitives (tuning width) of the motor primitives by simulation with a state-space model ( Fig. 6 ; Thoroughman and Shadmehr, 2000; Donchin et al., 2003; Lee and Schweighofer, 2009; Yokoi et al., 2011) . When the tuning amplitude is small and the tuning width is wide (Fig. 6A) , the movement of the opposite arm in a particular direction activates a greater number of motor primitives simultaneously (Fig. 6C) . Because the overlapping motor primitives are exposed to conflicting force fields, this results in greater overlap of the activities that in turn cause greater interference in Experiment 2. As a result, the movement error does not decrease (Fig. 6D ) and the aftereffect remains small (Fig. 6E) . In contrast, when the tuning amplitude is large and the tuning width is narrow (Fig. 6A) , the activities of the motor primitives are more localized (Fig. 6C) , which leads to a decrease in the amount of interference in Experiment 2 (Fig. 6 D, E) . Figure 6F demonstrates the whole landscape, showing that the aftereffect (or interference) becomes greater (or smaller) as the tuning amplitude and width become greater and narrower, respectively. Notably, this simulation predicts that the aftereffects should be greater by almost twofold when the left arm was trained versus when the right arm was trained. Figure 7 shows the changes in the movement error and aftereffect for each of the four movement directions of the opposite arm when the left (Fig 7 A, B) and right arm (Fig 7C,D) were trained. The movement error gradually decreased with the training, whereas the aftereffects gradually increased with the training; however, the rate of the increase in the aftereffect was slower and the final level of the aftereffect was also smaller than observed in Experiment 1 (Fig. 4A ) due to interference, as explained schematically in Fig. 6 . It should be noted that the value of the aftereffect should be 10 for full adaptation. However, as our computational model predicted (Fig. 6B) , we also observed that the participants trained with the left arm exhibited significantly greater aftereffects than those trained with the right arm, because a significant main effect was observed in the averaged aftereffect for the last five error-clamped trials between the groups (two-way mixedmodel ANOVA, F (1,18) ϭ 9.07; p ϭ 0.0075), whereas neither a significant main effect for movement direction (F (3,54) ϭ 1.65, p ϭ 0.190) nor an interaction between direction and group (F (3,54) ϭ 0.10, p ϭ 0.955) was observed.
To compare the aftereffects between both groups and between the predicted aftereffects more directly, the aftereffects were averaged among four different movement directions of the opposite arm (Fig. 8 A, B) . Again, the aftereffect (the averaged value of the last five error-clamp trials) of the group trained with left arm was greater than that of the group trained with right arm (onetailed t test, t (16.33) ϭ 3.01, p Ͻ 0.005, Cohen's d ϭ 1.42 Ϯ 8.78). Furthermore, the behavioral data were quite similar to the data predicted by the model with respect to not only the amount of adaptation, but also the trial-dependent change in the learning curve (Fig. 8A) . These results indicate that the observed laterality in learning ability between the right and left arms resulted from the laterality of the tuning parameters of the motor primitives. 
Experiment 3
Experiment 3 was performed to determine whether the superior motor learning ability of the nondominant arm was also observed for left-handed participants.
Half of the 12 left-handed participants trained with the dominant left arm and the other half trained with the nondominant right arm. No significant difference was observed when the aftereffect was evaluated separately for the four movement directions (two-way mixed-model ANOVA, F (1,10) ϭ 1.30, p ϭ 0.280). In addition, no significant main effect of movement direction or interaction between movement direction and group was observed (F (3,30) Ͻ 0.3, p Ͼ 0.82), so we averaged the aftereffects among four movement directions. Again, the superior left-handed motor learning that was observed in the right-handed participants disappeared in the left-handed participants and the amount of adaptation did not differ significantly between the groups for the aftereffects averaged across four movement directions of the opposite arm (one-tailed t test, t (10) ϭ 1.258, p ϭ 0.119; Figure 8C ,D).
Discussion
We investigated the possible difference between the dominant and nondominant arms in how motor primitives encode the kinematics of the opposite arm. Experiment 1 demonstrated that adaptation to the force field was influenced more strongly by the changes in the movement direction of the opposite arm for the nondominant arm (Fig. 4B ). This poorer motor generalization pattern of the nondominant arm suggests that the primitives of the nondominant arm respond more sensitively to the kinematics of the opposite arm (Fig. 5) . Based on this observation, we predicted that this characteristic would provide the nondominant arm with the superior ability to adapt to a dynamic environment that changed in association with the kinematics of the opposite arm (Fig. 6) . Experiment 2 confirmed this finding, whereas Experiment 3 demonstrated that the superiority of the left arm disappeared for left-handed participants (Figs. 7, 8) .
Lateralized ability and bimanual control
Previous studies on laterality in motor mechanisms have focused on aspects of unimanual movement control. Sainburg and colleagues have demonstrated that the motor control systems are distinct between the dominant and nondominant arm, stating that the control system of the dominant arm is specialized for the coordination of the dynamics of the arm (trajectory control), whereas that of the nondominant arm is specialized for arm stabilization (endpoint control; Sainburg and Kalakanis, 2000; Bagesteiro and Sainburg, 2002; Duff and Sainburg, 2007; Schaefer et al., 2007; Sainburg, 2010; Mani et al., 2013) . The investigators speculated that a control strategy such as this in the nondominant arm contributes to its supporting role during bimanual action, but this idea has not been tested directly. Even when one limb is used for a supporting role during bimanual action, the ability that is required for the controller does not merely increase the impedance of the limb, but rather gener- ates motor commands to counteract predictively the mechanical influences resulting from the opposite limb (Bays and Wolpert, 2006) . Furthermore, bimanual action often involves the movements of both arms, such as hitting a ball with a bat, using a fishing rod, and so on; the nondominant arm is not always stabilized as a fixed endpoint, suggesting that we need to extend the role differentiation problem into more general bimanual movements.
The present study focused on the problem of bimanual action from the viewpoint of how the motor control system could counteract mechanical influences resulting from the opposite arm's movement. We found that the nondominant arm had a superior ability in adjusting motor commands to dynamic environments resulting from opposite arm movement (Figs. 7, 8 ). This advantage was not apparent in standard motor adaptation experiments (Fig. 4A ) in which the arm is imposed on by force fields that are dependent on the arm itself alone (Duff and Sainburg, 2007; Schabowsky et al., 2007; Tcheang et al., 2007) . As shown in the present study, this ability only emerged when faced with a complicated force field that varied with the opposite arm's movement (Figs. 7, 8) .
Underlying neuronal mechanisms
Although the neural substrates for the motor primitives are not fully elucidated, neurons in the frontal motor areas, the posterior parietal cortex, and the cerebellum are thought to be involved (Li et al., 2001; Della-Maggiore et al., 2004; Padoa-Schioppa et al., 2004; Xiao et al., 2006; Mandelblat-Cerf et al., 2011; Donchin et al., 2012) . For example, neurons in the primary motor cortex or premotor cortex that are tuned with the movement direction of the reaching hand (Georgopoulos et al., 1982; Cisek et al., 2003) change their tuning properties after adaptation to a force field (Li et al., 2001; Xiao et al., 2006) . These neurons also receive neuronal input from the contralateral hemisphere that depends on the kinematics of the opposite arm (Cisek et al., 2003; Rokni et al., 2003; Ganguly et al., 2009) . Neurons within the parietal reach region also show activity tuned for bilateral limb movement (Chang and Snyder, 2012) . Such interhemispheric neuronal influences have also been reported in humans by using functional magnetic resonance imaging (Diedrichsen et al., 2013) .
These findings led us to hypothesize that the motor memory of an arm's movement is formed under neuronal influences arising from the opposite arm's movement in a particular direction. Therefore, this formed motor memory could deteriorate when moving the arm in different directions because the neuronal influences also change. This hypothesis is consistent with the results of our present and previous experiments (Yokoi et al., 2011) . From this perspective, the laterality observed in the tuning pattern of the primitives (i.e., tuning amplitude and width) can be interpreted as the difference in the strength of the neuronal influence from the opposite arm, possibly through the corpus callosum (Franz et al., 2000) . We suspect that the strength of this influence is greater from the dominant to the nondominant hemisphere rather than vice versa. In fact, it is well known that sensorimotor areas in the dominant hemisphere have greater influence over the nondominant hemisphere in both functional magnetic resonance imaging (Hayashi et al., 2008; Diedrichsen et al., 2013) and electrophysiological studies (Netz et al., 1995; Oda and Moritani, 1995; Ziemann and Hallett, 2001; Duque et al., 2007) . Therefore, it is reasonable to suggest that such asymmetrical interhemispheric interactions are a possible neural substrate for the lateralized tuning pattern of the motor primitives.
Is this the specialized ability of the nondominant arm?
We assume that the present results reflect a specialized ability of the nondominant arm. However, one might argue that our results instead reflect the dominant arm's ability to teach its influence to the opposite arm. One potential experiment to dissect these possibilities would be to use other limbs (e.g., the foot) for testing. If the dominant arm teaches better, then the foot would be expected to adapt to force fields better when the force fields are associated with dominant arm than with nondominant arm. Conversely, if the nondominant arm knows better, the nondominant arm would adapt better to force fields associated with foot motion.
We have already performed a portion of such experiments in which we trained the nondominant left arm with the right foot motion . However, we found that the motor memory for the left arm was not affected by the foot movement, indicating that the nondominant arm is not always adept at considering influence from the other limb's movement. The absence of substantial neuronal interactions within the motor cortex between hand and foot regions (Soteropoulos and Perez, 2011) also supports this notion.
Therefore, the laterality demonstrated in the present study emerges only in the context of bimanual movement control and not in the general context of interlimb movement control. Therefore, it is fundamentally impossible to conclude that the laterality stems either from the greater ability of the dominant arm to teach or the greater ability of nondominant arm to learn (the good math score of students is attributable to both teacher and students). However, regardless of either interpretation, the implication of the present study is not substantially influenced; laterality of the motor primitives leads to functionally different abilities for both arms, which might contribute to their differential roles during bimanual action.
Limitations and conclusions
Although our computational model predicted the learning behavior in Experiment 2 well, several points need to be addressed in through future studies. First, we assumed the same amplitude and width for all primitives despite the fact that these parameters have a certain extent of variation within individuals (Amirikian and Georgopoulos, 2000) . Similarly, we also assumed that PDs of primitive are uniformly distributed, whereas it is known that the distributions are highly skewed (Herter et al., 2007; Hirashima and Nozaki, 2012b) . In fact, the degree of adaptation when separately analyzed for each movement direction of the opposite arm in Experiment 2 showed slightly greater adaptation in 0 and 180 than in 90 and 270 (Fig. 7) . Although the differences were not significant (see Results), this raises the possibility that the parameters of motor primitives are not homogenous. Further, although a recent study has shown that the forgetting factor, ␣, is context dependent (Ingram et al., 2013) , we also assumed a uniform value for all primitives. However, it is notable that the model could capture a substantial difference between the left and the right hands despite its simplicity.
In conclusion, we have demonstrated laterality in both arms' motor primitives with respect to the encoding of the kinematics of the opposite arm, which provided the nondominant arm with functional advantage in learning the mechanical influences resulting from the opposite arm's movements. We speculate that this functional asymmetry of the two arms during bimanual actions contributes to sophisticated bimanual actions by assigning the appropriate functional role for each arm (Guiard, 1987; Stout et al., 2008) , although concrete evidence for this is still lacking.
Furthermore, it remains unknown whether such laterality in the primitive is innate or if it emerges with development. We also do not understand how laterality is modified by extensive training, such as with musical instruments (Schlaug et al., 1995; Fujii et al., 2010) . Future comparative studies with both behavioral and physiological approaches may provide further insight into these questions.
